We study the topological properties of the multinetwork of commodity-specific trade relations among world countries over the 1992-2003 period, comparing them with those of the aggregate-trade network, known in the literature as the international-trade network (ITN). We show that link-weight distributions of commodity-specific networks are extremely heterogeneous and (quasi) log normality of aggregate linkweight distribution is generated as a sheer outcome of aggregation. Commodity-specific networks also display average connectivity, clustering, and centrality levels very different from their aggregate counterpart. We also find that ITN complete connectivity is mainly achieved through the presence of many weak links that keep commodity-specific networks together and that the correlation structure existing between topological statistics within each single network is fairly robust and mimics that of the aggregate network. Finally, we employ cross-commodity correlations between link weights to build hierarchies of commodities. Our results suggest that on the top of a relatively time-invariant "intrinsic" taxonomy (based on inherent between-commodity similarities), the roles played by different commodities in the ITN have become more and more dissimilar, possibly as the result of an increased trade specialization. Our approach is general and can be used to characterize any multinetwork emerging as a nontrivial aggregation of several interdependent layers.
I. INTRODUCTION
The past decade has seen an increasing interest in the study of international-trade issues from a complex-network perspective [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . Existing contributions have attempted to investigate the time-evolution of the topological properties of the aggregate International Trade Network (ITN), aka the World Trade Web (WTW), defined as the graph of all import/export relationships between world countries in a given year.
Two main approaches have been employed to address this issue. In the first one, the ITN is viewed as a binary graph where a (possibly directed) link is either present or not according to whether the value of the associated trade flow is larger than a given threshold [2, 3, 7] . In the second one, a weighted-network approach [13, 14] to the study of the ITN has been used, i.e. links between countries are weighted by the (deflated) value of imports or exports occurred between these countries in a given time interval [1, 4-6, 9, 10] . In most cases, a symmetrized version of the ITN has been studied, where only undirected trade flows are considered and one neglects -in a first approximation-the importance of directionality of trade flows.
Such studies have been highlighting a wealth of fresh stylized facts concerning the architecture of the ITN, how they change through time, how topological properties correlate with country characteristics, and how they are predictive of the likelihood that economic shocks might be transmitted between countries [15] . However, they all consider the web of world trade among countries at the aggregate level, i.e. links represent total trade irrespective of the commodity actually traded [36] . Here we take a commodity-specific approach and we unfold the aggregate ITN in many layers, each one representing import and export relationships between countries for a given commodity class (defined according to standard classification schemes, see below).
More precisely, we employ data on bilateral trade flows taken from the United Nations Commodity Trade Database to build a multi-network of international trade. A multi-network [18] is a graph where a finite, constant set of nodes (world countries) are connected by edges of different colors (commodities). Any two countries might then be connected by more than one edge, each edge representing here a commodity-specific flow of imports/exports. As our data span a 12-year interval, N = 162 countries and C = 97 commodities, we therefore have a sequence of 12 international-trade multi-networks (ITMNs), where between any pair of the N countries there may be at most C edges. Each ITMN can then be viewed in its entirety or also as the juxtaposition of C = 97 commodity-specific networks, each modeled as a weighted directed network. We weight a link from country i to j by the (properly rescaled) value of i's exports to j, and, in general, the link from i to j is different from the link from j to i.
The multi-network setup allows us to ask novel questions related to the structural properties of the ITN. For example: To what extent do topological properties of the aggregate ITN depend on those of the commodity-specific networks? Are trade architectures heterogeneous across commodity-specific networks? How do different topological properties correlate within each commodity-specific network, and how do the same topological property cross-correlates across commodity-specific network? How do countries perform in different commodity-specific networks as far as their topological properties are concerned (i.e. centrality, clustering, etc.)? Is it possible to build correlation-based distances among commodities and build taxonomies that account for "intrinsic" factors (inherent similarity between commodities as described in existing classification schemes) as well as for "revealed" factors (determined by the actual pattern of trades)?
In this paper we begin answering these questions. Our preliminary results show that commodity-specific networks are extremely heterogeneous as far as link-weight distributions are concerned and that the (quasi) log-normality of aggregate link-weight distribution is generated as a sheer outcome of aggregation of statistically dissimilar commodity-specific distributions. Commodity-specific networks also display average connectivity, clustering and centrality levels very different from their aggregate counterparts. We also study the connectivity patterns of commodity-specific networks and find that complete connectivity reached in the aggregate ITN is mainly achieved through the presence of many weak links that keep commodity-specific networks together, whereas strong trade links account for tightly interconnected clubs of countries that trade with each other in all commodity networks. We also show that, despite a strong distributional heterogeneity among commodity-specific link-weight distributions, the correlation structure existing between topological statistics within each single network is fairly robust and mimics that of the aggregate network. Furthermore, we find that cross-commodity correlations of the same statistical property are almost always positive, meaning that on average large values of node clustering and centrality in a commodity network imply large values of that statistic also in all other commodity networks. Finally, we introduce a general method to characterise hierarchical dependencies among layers in multi-networks, and we use it to compute cross-commodity correlations. We exploit these correlations between link weights to explore the possibility of building taxonomies of commodities. Our results suggest that on the top of a relatively time-invariant "intrinsic" taxonomy (based on inherent between-commodity similarities), the roles played by different commodities in the ITN have become more and more dissimilar, possibly as the result of an increased trade specialization.
The rest of the paper is organized as follows. Section II describes the database, explains the methodology employed to build the ITMNs and defines the basic topological statistics employed in the analysis. Sections III and IV report our main results. Concluding remarks are in Section V.
II. DATA AND DEFINITIONS

A. Data
We employ data on bilateral trade flows taken from the United Nations Commodity Trade Database (UN-COMTRADE; see http://comtrade.un.org/). We build a balanced panel of N = 162 countries for which we have commodity-specific imports and exports flows from 1992 to 2003 (T = 12 years) in current U.S. dollars. Trade flows are reported for C = 97 (2-digit) different commodities, classified according to the Harmonized System 1996 (HS1996; see Table I and http://www.wcoomd.org/)[37].
B. The International-Trade Multi-Network
We employ the database to build a time sequence of weighted, directed multi-networks of trade where the N nodes are world countries and directed links represent the value of exports of a given commodity in each year or wave t = 1992, . . . , 2003. As a result, we have a time sequence of T multi-networks of international trade, each characterized by C layers (or links of C different colors). Each layer c = 1, . . . , C represents exports between countries for commodity c and can be characterized by a N × N weight matrix X c t . Its generic entry x c ij,t corresponds to the value of exports of commodity c from country i to country j in year t. We consider directed networks, therefore in general x c ij,t = x c ji,t . The aggregate weighted, directed ITN is obtained by simply summing up all commodity-specific layers. The entries of its weight matrices X t will read:
In order to compare networks of different commodities at a given time t, and to wash-away trend effects, we re-scale all commodity-specific trade flows by the total value of trade for that commodity in each given year. This means that in what follows we shall study the properties of the sequence of international-trade multi-networks (ITMNs) where the generic entry of the weight matrix is defined as:
(
Therefore, the directed c-commodity link from country i to country j in year t is weighted by the ratio between exports from i to j of c to total year-t trade of commodity c. Accordingly, the generic entry of the aggregate-ITN weight matrix is re-scaled as:
Commodity-specific adjacency (binary) matrices A c t are obtained from weighted ones by simply setting a c ij,t = 1 if and only if the corresponding weight is larger than a given time-and commodityspecific threshold w c t . Unless explicitly noticed, we shall set w c t = 0. Before presenting a preliminary descriptive analysis of the data, two issues are in order. First, most of our analysis below will focus on year 2003 for the sake of simplicity. We employ a panel description in order to keep a fixed-size country network and avoid difficulties related to acrossyear comparison of topological measures, when required. Of course, accounting for entry/exit of countries in the network may allow one to explore hot issues in international trade literature as the relative importance of intensive and extensive margins of trade from a commodity specific approach [19, 20] . Although all our results seem to be reasonably robust in alternative years, a more thorough comparative-dynamic analysis is the next point in our agenda. Second, in order to correctly account for trend effects, one should deflate commodity-specific trade flows by its industry-specific deflator, which unfortunately is not available for all countries. That is why we have chosen to remove trend effects and scale trade flows by total commodity-specific trade in that year.
C. Commodity Space
One of the aims of the paper, as mentioned, is to assess the across-commodity heterogeneity of commodity-specific networks in terms of their topological properties, as compared to those of the aggregate network. For the sake of exposition, we shall focus, when necessary, on the most important commodity networks. Table II shows the ten most-traded commodities in 2003, ranked according to the total value of trade. Notice that they account, together, for 56% of total world trade and that the 10 most-traded commodities feature also the highest values of trade-value per link (i.e. ratio between total trade and total number of links in the commodity-specific network). Indeed, total trade value and trade-value per link of commodities are positively correlated (see Figure 1 ), as are total-trade value and network density (with a correlation coefficient of 0.52). In addition to those trade-relevant 10 commodities, we shall also focus on other 4 classes (cereals, cotton, coffee/tea and arms), which are less traded but more relevant in economics terms. The 14 commodities considered account together for 57% of world trade in 2003.
D. Topological Properties
In the analysis below we shall focus on the following topological measures to characterize trade networks and to compare them across commodities:
• Density (d): Network density is defined as the share of existing to maximum possible links in the binary N × N matrix.
• Node in-degree (N D in ) and out-degree (N D out ): measure the number of countries from (respectively, to) which a given node imports (respectively, exports).
• Node in-strength (N S in ) and out-strength (N S out ): Account for the share of country's total imports (respectively, exports) to world total commodity trade; more generally, in-strength (respectively, out-strength) is defined as the sum of all weights associated to inward (respectively, outward) links of a node. Node strength (NS) is simply defined as the sum of N S in and N S out . Interesting statistics are also the ratios N S in /N D in (average share of import per import partner) and N S out /N D out (average share of export per export partner).
• Node average nearest-neighbor strength (ANNS): measures the average NS of all the partners of a node. ANNS can be declined in four different ways, according to which one only considers the average N S in or N S out of import or export partners. Hence, AN N S in−out (respectively, AN N S in−in ) account for the average values of exports (respectively, imports) of countries from which a given node imports; similarly, AN N S out−in (respectively, AN N S out−out ) represent the average values of imports (respectively, exports) of countries to which a given node exports;
• Node weighted clustering coefficient (W CC all ): proxies the intensity of trade triangles with that node as a vertex, where each edge of the triangle is weighted by its link weight [21] . In weighted directed networks, one might differentiate across four types of directed triangles and compute four different types of clustering coefficients [22] : (i) W CC mid , measuring the intensity of trade triangles where node i (the middleman) imports from j and exports to h, which in turn imports from j; (ii) W CC cyc , measuring the intensity of trade triangles where nodes i, j and h create a cycle; (iii) W CC in , accounting for triangles where node i imports from both j and h; and (iv) W CC out , accounting for triangles where node i exports to both j and h.
• Node weighted centrality (WCENTR): measures the importance of a node in a network. Among the many suggested measures of node centrality [23] , we employ here a version of Bonacich eigenvector-centrality suited to weighted-directed networks [24] . It assigns relative scores to all nodes in the network based on the principle that connections to high-scoring nodes contribute more to the score of the node in question than equal connections to lowscoring nodes.
In addition to the above topological statistics, we also study the distributions of link weights (both across commodity networks and in the aggregate). Finally, we shall explore patterns of binary connectivity by studying the properties (e.g. size and composition ) of the largest connected component [38] .
III. TOPOLOGICAL PROPERTIES OF COMMODITY-SPECIFIC NETWORKS
A. Commodity-specific sample moments of topological properties
We begin with a comparison of sample moments (mean and standard deviation) of the relevant link and node statistics across different commodities. We compare sample moments to those of the aggregate network to assess the degree of heterogeneity of commodity networks and single out those that behave excessively differently from the aggregate counterpart. Table III reports the density of the 14 most relevant commodities, together with the mean and standard deviation of a few link-weight and node-statistic distributions as described in Section II D. Notice that, as compared to the aggregate network, all commodity-specific networks display larger average link weights, shares of export/link and import/link, as well as overall clustering. This means that connectivity and clustering patterns of the commodity-specific trade networks are more intense than their aggregate counterpart once one washes away the relative composition of world trade. Conversely, by definition, all commodity-specific densities are smaller than in the aggregate. Among the 14 most relevant commodities, however, there appears to be a marked heterogeneity. For example, arms (code 93) display a relatively low density but a very strong average link weight and the largest import and export per link shares and clustering. Cereals, on the other hand, display a relatively small density as compared to the aggregate, but exhibit a very large average link weight and shares of import per inward link. The latter is larger than the average shares of export per outward link, a result that generalizes for almost all commodityspecific networks, see Figure 2 . Larger shares of exports per outward link are associated to larger shares of imports per inward link, but the relative weight of imports dominates. This means that on average countries tend to have, irrespective of the commodity traded and its share on world market, more intensive import relations than export ones (see also subsection III E).
Another fairly general evidence regards the scaling between average and standard deviation in link and node distributions. There appears to be a positive relation between average and standard deviation of node and link statistics (see Figure 3 for the example of link weights), suggesting that within each commodity-specific network larger trade intensities and clustering levels are gained at the expense of a much strong heterogeneity in the country-distributions of such topological features.
To conclude this preliminary analysis, we report some results on the directed clustering patterns observed across commodity networks. Following [22] , we compute the percentage of directed trade triangles of different types that each country forms with their partners (see Table IV ). Note that in the aggregate network there is a slight preponderance of out-type triangles (patterns where a country exports to two countries that are themselves trade partners). Conversely, commodityspecific networks are characterized also by a large fraction of in-type clustering patterns (a country importing from two countries that are themselves trade partners),except coffee and precious metals for which out-type clustering is more frequent. The other two types of clustering patterns (cycle and middlemen) are much less frequent.
B. Distributional Features of Topological Properties
The foregoing results on average-dispersion scaling and heterogeneity across commodity networks suggests that the overall evidence on aggregate trade topology may be the result of extremely heterogeneous networks. For example, previous studies on other data [1, 25] have highlighted the pervasiveness of log-normal shapes as satisfactory proxies to describe the link-and nodedistributions of aggregate link-weights, strength, clustering and so on, in symmetrized versions of the ITN. Only node centrality measures (computed using the notion of random-walk betweenness centrality, see Ref. [26] ) seemed to display power-law shaped behavior.
To begin exploring the issue whether log-normal aggregate distributions are the result of heterogeneous, possibly non log-normal, commodity-specific distributions, we have run a series of goodness-of-fit exercises [39] to test whether: (i) any two pairs of commodity-specific networks are characterized by the same link-weight distribution; (ii) commodity-specific link-weight distributions are log-normal (i.e., logs of their positive values are normal). Our result show that the body of the aggregate distribution can be well-proxied by a log-normal, whereas the upper tail seems to be thinner than what expected under log-normality (less high-intensity links as expected). This means that log-normality found by [1] may be also the outcome of symmetrization, i.e. of studying a undirected weighted version of the ITN. We also find that only in 4% of all the possible pairs of distributions (4656 = 97 * 96/2), the p-value of the associated two-sided Kolmogorov test is greater than 5%. These implies that link-weight distributions are extremely heterogeneous across commodities. Furthermore, according to both Lilliefors and one-sample normality Kolmogorov tests, the majority of distributions seem to be far from log-normal densities, see Figure 4 for some examples. This suggests that the outcome of quasi-log-normality of link weights of the overall network may be a sheer outcome of aggregation.
C. Connected Components
We now turn to analyzing the connectivity patterns of the binary aggregate and commodityspecific trade networks by studying the size and composition of their largest connected components.
If we employ the weaker definition of connectivity between two nodes in a directed graph (either an inward or an outward link in place), then the aggregate ITN is fully connected, i.e. the largest connected component (LCC) contains all N countries. If we instead use the stronger definition (both the inward or the outward link in place), then the aggregate network is never completely connected in the time interval under analysis, and the composition of the LCC changes with time. Table V shows the percentage size of the LCC for the aggregate network, disaggregated according to geographical macro-areas (i.e., we only consider the LCC in the sub-network of the aggregate ITN made only of countries belonging to any given geographical macro area). In Europe trade links are almost always reciprocated and we notice the fast integration of Eastern Europe after the mid 90s. Sub-Saharan Africa is the area where we find the majority of countries without bilateral trade with other countries of the area, a sign of poor trade connectivity perhaps related to wars, trade barriers, lack of infrastructures, etc..
It is interesting to compare the above considerations about the reciprocity structure of the international trade network with a series of results [2, 3] performed on a different dataset reporting aggregate trade over the longer period 1950-2000 [25] . Those analyses reveal that the reciprocity has been fluctuating about an approximately constant value up to the early 80s, and has then been increasing steadily. In other words, the international trade system appears to have undergone a rapid reciprocation process starting from the 80s. At the same time, the fraction of pairs of countries trading in any direction (i.e. the density of the network when all links are regarded as undirected) displays a constant trend over the same period. Therefore, while at an undirected level there is no increase of link density, at a directed level there is a steep increase of reciprocity. The combination of these results signals many new directed links being placed between countries that had already been trading in the opposite direction, rather than new pairs of reciprocal links being placed between previously noninteracting countries. Thus, at an aggregate level many pairs of countries that had previously been trading only in a single direction have been establishing also a reverse trade channel, and this effect dominates on the formation of new bidirectional relationships between previously non-trading countries.
We turn now to analyze connectivity patterns of commodity-specific networks. In this case, it is more reasonable to assume that two countries are connected in a given commodity-specific network if they are linked either by an import or export relationship (the weaker assumption above). Unlike the aggregate network, no commodity-specific graph is completely connected. In what follows, for the sake of exposition, we focus on year 2003 and we report connectivity results for our 14 top commodities. Table VI reports the size of the LCC in different setups as far as the threshold w c t for the determination of binary relationships is concerned (w c t = 0, w c t = w c,p t , where w c,p t is the p-th percentile of the link-weight distribution, with p = 90%, 95%, 99%). When all trade fluxes are considered in the determination of a binary link, then all commodity-specific networks are highly connected, and the size of the LCC is relatively close to network size (except for the case of arms). If one raises the lower threshold and only considers the 10%, 5% and 1% strongest link weights in each matrix, then few countries remain connected. For each commodity, Table VII lists the countries belonging to the LCC in year 2003 and for the strongest 1% links. It is easy to see that the "usual suspects" (USA, Germany, Japan, etc.) belong to almost all commodity LCCs. Some of them are unexpectedly small (coffee, cereals), others are very large even if one is only focusing on a few largest trade links. All in all, this evidence indicates that complete connectivity in the ITN is mainly achieved through weak links, whereas strong links account for tightly interconnected clubs that trade with each other not only in the aggregate but also every possible commodity.
D. Country rankings
In this subsection we analyze country rankings in 2003 according to the alternative topological properties studied in the paper. For each node statistic, we rank in a decreasing order countries in the panel and we report the top-3 positions for our 14 benchmark commodities, as well as for the aggregate network. Results are in Tables VIII-X.
As far as node strength is concerned, USA, Germany, China and UK exhibit top values of both import shares and output shares in almost all commodity networks. These are the countries that trade more irrespective of the specific commodity. Russia, Saudi Arabia and Norway top the fuel export ranking, Brazil excels in coffee export, whereas Hong Kong and Mexico enter the top-3 positions in cotton and cereals, respectively. ANNS rankings (Table IX) are more instructive, because they reveal that countries trading with partners that imports/exports more, are typically small economies located outside Europe and North America. This points to a general disassortative structure of the network also at the commodity-specific level, a structural pattern that has been observed in the aggregate as well in previous studies [2, 4] .
Rankings of clustering, on the other hand, display a markedly-larger commodity heterogeneity in terms of countries appearing in the top-3 positions. Table X shows results about overall weighted clustering, i.e. the relative intensity of trade triangles with the target country as a vertex, irrespective of the direction of trade flows. Notice that in the aggregate USA, Germany and China are the most clustered nodes, but they do not always show up in the same positions in all commodity rankings. This means that they typically form extremely strong triangles in a few commodity networks (e.g., for USA pharmaceutical, optical instruments). Note also the high-clustering levels reached by Colombia in coffee trade, Algeria in cereals, Equatorial Guinea in mineral fuels and organic chemicals, Uzbekistan in cotton. These are countries that tend to be involved with a relevant intensity only in one particular type of trade triangle, e.g. in-type for Algeria, out-type for Equatorial Guinea, Uzbekistan and Colombia. This suggests, for example, that Algeria is very likely to import cereals from two countries that are also trading cereals very much.
Similarly, Equatorial Guinea, Uzbekistan and Colombia tend to intensively export mineral fuels, cotton and coffee, respectively, to pairs of countries that also trade intensively these commodities together. Finally, centrality rankings shed some light on the relative positional importance of countries in the network. Rankings stress, beside the usual list of large and influential countries, the key role played by Switzerland in precious metals, Russia, Saudi Arabia and Norway in mineral fuels, Indonesia in coffee and Thailand in cereals.
E. Correlations between topological properties within commodity networks
Early work on the aggregate ITN has singled out robust evidence about the correlation structure between topological properties [1] [2] [3] [4] [5] 27] . For example, disassortative patterns (negative correlation between ANND/ND and ANNS/NS; see also above) has been shown to characterize the binary ITN (strongly) and the weighted ITN (weakly). Also, the aggregate ITN exhibits a trade structure where countries that trade more intensively are more clustered and central. Here we check whether such structure is robust to disaggregation at the commodity level by comparing the correlation between different topological properties (e.g., N S in vs. N D in ) within each commodity network. In the next section, conversely, we shall look at how the same topological property (e.g., N S in ) correlates across different networks. Table XI shows the most interesting correlation coefficients between node statistics [40] . Note first that, all in all, the sign of any given correlation coefficient computed for the aggregate network remains the same across almost all commodity-specific networks. This is an interesting robustness property, as we have shown that commodity-specific networks are relatively heterogeneous according to e.g. the shape of their link-weight distribution. It appears instead that despite heterogeneously-distributed link weights the inherent architecture of commodity-specific networks mimics those of the aggregate (or viceversa).
Almost all the signs are in line with what previously observed. For example, countries that trade with more partners also trade more intensively (both as exporters ad importers). Furthermore, countries that import (export) more, typically import from (export to) countries that in turn export on average relatively less (disassortativity). The magnitude of this disassortativity pattern is however different according to whether one looks at imports of exports. On average, countries that import from a given country, trade relatively less than those that export to the same country, i.e. the magnitude of the correlation coefficients between N S out and both AN N S out−in and AN N S out−out is larger than the magnitude of the correlation coefficients between N S in and both AN N S in−in and AN N S in−out .
Another robust correlation pattern that emerges is about clustering and centrality. Countries that trade more in terms of their node strengths are also more clustered and more central. This happens irrespectively of the commodity traded.
The only partial exceptions to such evidence are represented by the commodity networks of cereals and mineral fuels. For example, countries that imports relatively more cereals (mineral fuels) typically import from countries that also export (import) more cereals (mineral fuels). This does not happen however for exports of such commodities, as correlations are negative or very close to zero. Also, countries that trade more these two commodities are relatively less clustered than happens in other commodity classes.
F. Correlations between topological properties across commodity networks
In the latter subsection we have investigated correlations computed between different node topology statistics within the same network. We now explore correlation patterns of node statistics across commodity networks. More precisely, for each given node statistic X, we compute all possible C(C − 1)/2 = 4656 correlation coefficients:
where x c and x c are sample averages and s c X and s c X are sample standard deviations across nodes in network c and c . Figure 5 plots correlation patterns for some node statistics [41] . Notice first that on average correlation coefficients are always positive for both N S in and N S out , but those for N S in are larger than those for N S out . This suggests that in general if a country exports (imports) more of a commodity, then it exports (imports) more of all other commodities. However, imports of different commodities are much more correlated than exports. This may be intuitively explained by the fact that (according to the HS classification) country imports may be related to inputs in the production process, which requires many different commodities. Instead, exports mainly regards the output process and they might therefore depend on the patterns of specialization of a country. The same behavior characterizes in-and out-types of clustering: countries that form intensive triangles where they import from two intensively-trading partners do so irrespectively of the commodity traded, but the correlation is higher than the corresponding pattern when now countries exports two intensively-trading partners.
An additional interesting insight comes from observing that in many cases darker stripes and lighter squares characterize the plots. Darker stripes are located typically on the edge between two adjacent 1-digit commodity classes, whereas squares with similar shades cover the entire 1-digit class. This means that in general correlation patterns mimic the HS classification, i.e. acrossnetwork correlations of a given statistics look similar when the commodity is similar according to the HS class -or abruptly change when one moves from a commodity class to another representing structurally different products and services. Interestingly, darker stripes often correspond to commodities that are less likely to be used as inputs then produced as outputs (manufactured product, typically retail oriented).
The fact that their statistics are more weakly correlated with those of other commodities hints to two different patterns as far as imports/exports and specialization patterns are concerned, and calls for further and deeper analyses. The fact that results partly mimic (or depend from) the classification scheme used indicate that it would be interesting to find classification-free grouping of commodities that are more data-driven. Data on cross-commodity correlations may be employed to address this issue, as we begin to study in the next section. The method we propose to study the problem is general, and represents a first step towards a systematic approach to the analysis of large multi-networks.
IV. A FRAMEWORK FOR MULTI-NETWORK ANALYSIS
The above results show that the international trade network is not simply a superposition of independent commodity-specific layers. We found that significant correlations among layers make a comprehensive understanding of the structural properties of the whole system challenging. In particular, while single layers can certainly be studied independently using standard tools of network theory, a novel and more general framework of analysis is required in order to consistently take into account how different networks interact with each other to form the emerging aggregated network.
This problem is general, and not restricted to the particular system we are considering here. Besides a number of other economic and financial networks, that are virtually always systemati-cally characterised by a superposition of product-or sector-specific relationships, other important examples include large social networks. Real social webs are believed to be the result of different means of interaction among actors, with ties of different types (friendship, coaffiliation, relatedness, etc.) cooperating to create a multiplex social network. Traditionally however, experimental constraints have limited the availability of real data, especially if reporting the different nature of social ties, to small networks. More recently, with the increasing availability of detailed large social network data, disentangling the different types of social relations is becoming possible also at a larger scale. Thus the type of problem we are facing here is likely to become of common interest in the near future for many research fields.
In what follows we make a first step in this direction by proposing a simple approach to characterise the mutual dependencies among layers in multi-networks, and their hierarchical organization. This approach is simple and general, and can therefore prove useful in the future for the analysis of other multi-networks emerging as the interaction of different sub-networks.
A. Interdependency of layers
As a starting observation we note that, when studying a multi-network, the most detailed level of analysis focuses on the correlations between the presence, and the intensity in the weighted case, of single edges across different sub-networks. Inter-layer correlations between more aggregated properties (such as those we showed above between commodity-specific node degrees, node strengths, clustering coefficients, etc.) are ultimately due to these fundamental edge-level correlations. For this reason, one can perform a more detailed analysis by measuring inter-layer correlations according to any single observed interaction involving different layers. This analysis is possible at both weighted and unweighted levels for all the C(C − 1)/2 pairs of layers, where C is the total number of layers. As we show later on, the analysis of inter-layer correlations allows to define a hierarchy of layers. In the particular case of the trade system, this results in a taxonomy of commodities according to their roles in the world economy. We note that recent studies have already focused on the analysis of similarities among commodities, and on the associated reconstruction of a commodity space of goods, based on the observed patterns of revealed comparative advantage for countries [28, 29] , i.e. without specifically considering the structure of trade flows across countries. By constrast, the method that we use here allows to make use of more detailed information.
To be explicit, for each pair of layers (c, c ), we consider the inter-layer correlation coefficient φ c,c w (t) between the corresponding edge weights:
where the subscript w indicates that we are explicitly taking into account link weights, and w c t ≡ i =j w c ij,t /N (N − 1) is the weight of links embedded in layer c, averaged over directed pairs of vertices. In our specific case study, w c t = 1/N (N − 1) is the traded volume of commodity c averaged across all directed pairs of countries, which is idependent of c due to the choice of the normalization. Similarly, if one focuses only on the topology and discards weights, it is possible to define the inter-layer correlation coefficient
where u stands for unweighted, and a c t ≡ i =j a c ij,t /N (N − 1) is the fraction, measured across all directed pairs of vertices, of interactions involving layer c. Being Pearson's correlation coefficients, φ c,c w (t) and φ c,c u (t) can take values in the range [−1, +1], the two extrema representing complete anticorrelation and complete correlation respectively. Zero correlation is expected for statistically independent, non-interacting layers. Note that both quantities already take an overall size effect (total link weight and global link density respectively) into account. Therefore they allow comparisons across different years even if these overall properties are changing in time. For each year t considered, eq.(5) gives rise to a C × C weighted inter-layer correlation matrix
and eq.(6) gives rise to a C × C unweighted inter-layer correlation matrix
both matrices being symmetric and with unit values along the diagonal.
In the case considered here, the above matrices quantify on an empirical basis how correlated are edges belonging to different layers. Large values of the correlation coefficient φ c,c u (t) signal that c and c play similar roles in the international trade system, as they are frequently traded together between pairs of countries (i.e. they often share the same importer and exporter country simultaneously). The quantity φ c,c w (t) measures the same effect, but also taking traded volumes into account. Although large correlations should in principle be observed more frequently for commodities of similar nature ("intrinsic" correlations) as they are expected to be both produced and consumed by similar sets of countries, they could be observed in more general cases as well ("revealed" correlations). Indeed, if intrinsically different commodities turn out to be highly correlated this can be interpreted as the result of favored trades of different goods between pairs of countries. For instance, in case of common geographic borders, trade agreements, or membership to the same free trade association or currency union, two countries i and j may prefer to exchange various types of commodities even if there are many potential alternative trade partners, either as importers or as exporters, for each commodity. Conversely, inter-layer correlations are decreased in presence of opposite trade preferences, i.e. by the tendency of pairs of countries to have specialized exchanges involving particular (sets of) commodities.
Plots of the matrices Φ w (t) and Φ u (t) are shown for various years in Figures 6 and 7 respectively. A first visual inspection suggests that in both cases the observed correlation structure is robust in time. However, as we show in section IV C, it is possible to detect a small quantitative evolution of unweighted correlations, and to interpret it as the manifestation of an underlying dynamics of trade preferences determining "revealed' correlations on top of "intrinsic" ones. Before describing that effect, in the following section we discuss the result of applying filtering procedures to intercommodity correlation matrices.
B. Hierarchies of layers
The correlation matrices defined in Eqs. (7) and (8) can be filtered exploiting a hierarchical procedure that has been introduced in financial analysis [30] . Starting from the correlation coefficients φ c,c w (t) or φ c,c u (t) it is possible to define a weighted/unweighted inter-layer distance as follows:
Notice that here we are introducing a normalized variant of the transformation introduced in ref. [30] . This has only an overall proportional effect on all distances, and does not change their ranking or their metric properties. We make this choice simply in order to have a maximum distance value d c,c w/u = 1 when c and c are perfectly anticorrelated (φ c,c w/u = −1), besides a minimum distance value d c,c w/u = 0 when c and c are perfectly correlated (φ c,c w/u = 1). One should keep in mind that in case of no correlation (φ c,c w/u = 0) the above-defined distance equals d c,c w/u = 1/ √ 2 ≈ 0.707. Once a distance matrix is given, one can filter it to obtain a dendrogram representing a taxonomy (hierarchical classification) of all layers. In such a representation, the C layers are the leaves of the taxonomic tree. Closer (strongly correlated) layers meet at a branching point closer to the leaf level, while more distant (weakly correlated) layers meet at a more distant branching point. All layers eventually merge at a single root level. If the tree is cut at some level, it splits in disconnected branches of similar (with respect to the cut level chosen) layers. The hierarchical nature of the classification is manifest in the nestedness of the dendrogram. A detailed description of possible procedures to obtain the taxonomic tree can be found in Ref. [30] .
In Figure 8 we show the dendrogram of commodities obtained applying the Complete Linkage Clustering Algorithm to the unweighted inter-layer distances d c,c u (t) measured in year t = 2003. Similarly, in Figure 9 we show we dendrogram obtained applying the same algorithm to the weighted inter-layer distances d c,c w (t) measured in the same year. In both dendrograms one can observe that while in some cases similar commodities (such as the textiles and leather sectors) are grouped together, in other cases a-priori unrelated goods are found to belong to the same clusters. This confirms that, on top of an intrinsic structure of inter-commodity correlations, "revealed" effects are taking place. While it is not possible to disentangle these two contributions on the basis of observed trade interactions alone, in the next section we describe how we expect the two types of correlation to undergo different, empirically observable, dynamical patterns.
C. Evolution of inter-layer correlations and distances
The previous results highlight that inter-commodity correlations are a combination of "revealed" contributions, arising as commodity-independent results of preferences in trade partnerships between countries, and intrinsic contributions, due to inherent commodity similarities. We now describe a way to assess whether "revealed" correlations develop in time on top of intrinsic correlations. While the classification of trade commodities is static (i.e. commodities do not become more or less similar as time proceeds), the correlations among them may vary in time. This implies that while intrinsic correlations are expected to remain essentially stable in time as they merely reflect the internal similarities already present in the commodity structure, revealed correlation could in principle evolve in response of some dynamics of trade preferences. Therefore we expect the time evolution of inter-layer correlations and distances to reflect underlying changes in trade preferences. Moreover, we expect trade preferences to affect unweighted correlations more strongly than weighted correlations, as they will primarily determine the presence or absence of multiple types of traded commodities, while volumes will be also affected by the specific sizes of production and demand.
We can study this effect in an aggregated fashion by defining the average weighted/unweighted inter-layer correlationφ
or, conversely, the average weighted/unweighted inter-layer distancē
and following their evolution in time. Of course correlation and distance measures are linked by (9) . Therefore, strictly speaking, the only value added in studying them together is because they offer two complementary interpretations of the same phenomenon.
The results are shown in Figure 10 . Note that the averages are performed over all C(C − 1)/2 commodity pairs. If all commodities were uncorrelated one would haveφ w/u = 0 andd w/u = 1/ √ 2. The trends indicate that indeed a dynamics of "revealed" correlations is present. From year 1993 to year 2001, the average unweighted inter-layer correlationφ u (t) has been decreasing steadily over time, and correspondingly the average unweighted inter-layer distanced u (t) has been increasing. This means that, on average, the roles played by different commodities in the international trade system have become more and more dissimilar. The corresponding weighted quantities display much smaller variations. We interpret these results as the enhancement of trade specialization during the corresponding period, with pairs of countries developing more and more commodityintensive trade relationships characterized by a decreasing variety of goods. As expected, this effect is more pronounced for unweighted measures than for weighted measures, as the latter also aggregate economy-specific size effects. However, from year 2001 to year 2003 an inversion in the trend is observed. Whether this is due to an actual inversion of trade preferences is an important open point that requires further clarification.
V. CONCLUDING REMARKS
In this paper we have begun to study the statistical properties of the multi-network of international trade, and their evolution over time. We have employed data on commodity-specific trade flows to build a sequence of graphs where any two nodes (countries) are connected by many weighted directed edges, each one representing the flow of export from the origin to the target country for a given specific commodity class.
We have characterized the topological properties of all commodity-specific networks and compared them to those of the aggregate-trade network. Furthermore, we have studied both withinand across-network correlation patterns between topological statistics, and tracked the time evolution of the largest connected components in the commodity-specific networks. Finally, we have proposed a general approach to study multi-networks using detailed edge-level correlations among layers. This method allows to resolve the hierarchical organisation of inter-layer dependencies. When applied to the trade network, it allows to define correlation-based inter-layer distances that are helpful in taxonomizing commodities not only with respect to the inherent similarity between commodities, but also with respect to the actual revealed trade patterns.
The preliminary nature of the present work opens the way to many possible extensions. For instance, one might consider to employ filtering techniques such as those use in Ref. [8] to extract in a multi-network perspective a backbone of most-relevant trade-relationships between countries that take into account, beside their geographical position and relative size, also a third dimension defined by the type of commodities mostly traded. Similarly, community detection techniques like the ones used in Ref. [11] may be extended to multi-network setups in order to single out tightlyinterconnected groups of countries, and possibly compare them to the implications of internationaltrade models. Finally, the robustness of statistical properties of the ITMNs might be checked against alternative weighting schemes that, for example, control for country size and geographical distance, much in the spirit of gravity models in international trade literature [31, 32] . network view of economic development where one analyzes a tripartite graph, linking countries to the products they export and the capabilities needed to produce them. Unlike the present study, however, they do not explicitly consider the web of trade relations between any pair of countries.
[37] Since, as always happens in trade data, exports from country i to country j are reported twice (according to the reporting country -importer or exporter) and sometimes the two figures do not match, we follow Ref. [33] and only employ import flows. For the sake of exposition, however, we follow the flow of goods and we treat imports from j to i as exports from i to j.
[38] A connected component of an undirected graph is a subgraph in which any two vertices are connected to each other by paths, and to which no more vertices or edges can be added while preserving its connectivity. That is, it is a maximal connected subgraph. In directed graphs, one must firstly define what it means for two nodes to be connected. We shall employ two different ways to define wether any two nodes in the binary directed graph are connected. According to the weaker one, any two nodes are connected if there is at least one directed link between the two. The stronger one assumes two nodes to be connected if there is a bilateral link between them.
[39] To test for equality of two distributions we have employed the two-sample Kolmogorov-Smirnov test. Testing for normality of logs of link weights has been carried out using the Lilliefors and the one-sample Kolmogorov-Smirnov test [34, 35] . Footwear, gaiters and the like and parts thereof 65
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